To interrogate genes essential for cell growth, proliferation and survival in human cells, we carried out a genome-wide clustered regularly interspaced short palindromic repeat (CRISPR)/Cas9 screen in a B-cell lymphoma line using a custom extended-knockout (EKO) library of 278,754 single-guide RNAs (sgRNAs) that targeted 19,084 RefSeq genes, 20,852 alternatively spliced exons, and 3,872 hypothetical genes. A new statistical analysis tool called robust analytics and normalization for knockout screens (RANKS) identified 2,280 essential genes, 234 of which were unique. Individual essential genes were validated experimentally and linked to ribosome biogenesis and stress responses. Essential genes exhibited a bimodal distribution across 10 different cell lines, consistent with a continuous variation in essentiality as a function of cell type. Genes essential in more lines had more severe fitness defects and encoded the evolutionarily conserved structural cores of protein complexes, whereas genes essential in fewer lines formed context-specific modules and encoded subunits at the periphery of essential complexes. The essentiality of individual protein residues across the proteome correlated with evolutionary conservation, structural burial, modular domains, and protein interaction interfaces. Many alternatively spliced exons in essential genes were dispensable and were enriched for disordered regions. Fitness defects were observed for 44 newly evolved hypothetical reading frames. These results illuminate the contextual nature and evolution of essential gene functions in human cells.
tems (1) . In all species, essential genes are needed for survival and proliferation, while in multicellular organisms, additional essential genes function in different tissues at various stages of development. In the budding yeast Saccharomyces cerevisiae, only 1,114 of the ϳ6,000 genes in the genome are essential for growth under nutrient-rich conditions (1) . The nonessential nature of most genes suggests that the genetic landscape of the cell is shaped by redundant gene functions (2) . Consistently, systematic screens in S. cerevisiae have uncovered more than 500,000 binary synthetic lethal interactions (3) (4) (5) . In parallel, context-specific chemical screens have revealed that virtually every gene can be rendered essential under the appropriate condition (6) . The prevalence of nonessential genes has been verified by systematic genetic analysis in other single-cell organisms, including Schizosaccharomyces pombe (7) , Candida albicans (8) , and Escherichia coli (9) . In metazoans, the knockdown of gene function by RNA interference (RNAi) in the nematode worm Caenorhabditis elegans revealed that 1,170 genes are essential for development (10) , while in the fruit fly Drosophila melanogaster at least 438 genes are required for cell proliferation in vitro (11) . In the mouse Mus musculus, ϳ25% of genes tested to date are required for embryonic viability (12) . Essential genes tend to be highly conserved, to interact with one another in local modules, and to be highly connected in protein and genetic interaction networks (5, 13, 14) . Although essentiality is often framed as an all-or-none binary phenotype, in reality the loss of gene function causes a spectrum of fitness defects that depend on developmental and environmental contexts. For example, in S. cerevisiae an additional ϳ600 genes are required for optimal growth in rich medium (1) , and in C. elegans most genes are required for fitness at the whole-organism level (15) . The definition of essentiality is thus dependent on context and the experimental definition of fitness thresholds.
The clustered regularly interspaced short palindromic repeats (CRISPR) and CRISPRassociated (CAS) protein system directs the cleavage of specific DNA sequences in prokaryotes, where it serves as an adaptive immunity defense mechanism against infection by foreign phage DNA (16) . The Cas9 endonuclease can be targeted toward a specific DNA sequence by a single-guide RNA (sgRNA) that contains a 20-nucleotide match to the locus of interest (17) . The coexpression of Cas9 and an sgRNA leads to a blunt-end double-strand break (DSB) at a precisely specified position in the genome. Repair of the DSB by error-prone nonhomologous end joining (NHEJ) leads to random DNA insertions or deletions (indels) that cause frameshift mutations and an ersatz knockout of the target gene with high efficiency (18) .
CRISPR/Cas9 technology has been recently adapted to perform large-scale functional gene knockout screens in human cells (19) . A pooled library of 64,751 sgRNAs that targets 18,080 genes was used in screens against melanoma and stem cell lines (20, 21) , while a library of 182,134 sgRNAs that targets 18,166 genes was used in screens against chronic myelogenous leukemia and Burkitt's lymphoma cell lines (22) . A third library of 176,500 sgRNAs that targets 17,661 genes was used in screens against colon cancer, cervical cancer, glioblastoma, and hTERT-immortalized retinal epithelial cell lines (23) . In parallel, genome-scale screens based on transposon-mediated gene trap technology have been performed in two haploid human cell lines (22, 24) . Each of these genome-wide screens identified on the order of 1,500 to 2,200 essential genes that were enriched in functions for metabolism, DNA replication, transcription, splicing, and protein synthesis (22) (23) (24) . Importantly, CRISPR/Cas9 and gene trap screens exhibit a strikingly high degree of overlap and overcome limitations of previous RNAi-based gene knockdown approaches (22) (23) (24) .
Currently available human genome-wide CRISPR libraries target most wellcharacterized gene loci. Two reported libraries target the well-validated RefSeq gene collection (21, 22) , while a third library targets confirmed protein-coding gene regions in the GenCode v17 assembly (23) . To extend functional CRISPR/Cas9 screens to less-well-characterized regions of the genome at potential subgene resolution, we generated a high-complexity extended-knockout (EKO) library of 278,754 sgRNAs that targets 19,084 RefSeq genes, 20,852 unique alternative exons, and 3,872 hypothetical genes. The EKO library also includes 2,043 control sgRNAs with no match to the human genome to allow estimation of screen noise. We used the EKO library to identify essential genes in the NALM-6 human pre-B-cell lymphocytic leukemia line, including alternatively spliced exons and hypothetical genes not previously tested in CRISPR/Cas9 screens. Our analysis revealed the broad influence of Cas9-induced double-strand breaks on cell viability, the residue-level determinants of essential protein function, the prevalence of nonessential exons, and the evolution of new essential genes. Integration of our data with nine previous genome-wide CRISPR/Cas9 screens revealed a bimodal distribution of essential genes across cell lineages and a range of subunit essentiality across protein complexes, consistent with a continuous context-dependent variation in gene essentiality. High-resolution CRISPR/Cas9 genetic screens can thus uncover the organization and evolution of the essential human proteome.
Calculation of significant sgRNA depletion by RANKS. To compute the relative level of depletion of each sgRNA, we developed a custom tool called robust analytics and normalization for knockout screens (RANKS), which enables statistical analysis of any pooled CRISPR/Cas9 library screen or short hairpin RNA (shRNA) screen. First, the Genome-wide sgRNA library generation and screen for essential genes. (A) Composition of the EKO library. Note that some sgRNAs were used to evaluate both an alternative exon and the entire gene. (B) Experimental design for screen. A NALM-6 doxycycline-inducible Cas9 cell line was transduced with the EKO library at an MOI of ϳ0.5, followed by sgRNA vector selection, population outgrowth, and determination of sgRNA frequencies at the indicated time points. (C) Number of sgRNA reads before doxycycline induction (day 0) superimposed on distributions after doxycycline induction (day 7) and after a further 8 days of outgrowth in medium only (day 15). A constant factor was used to center the two distributions. (D) Effect of protein intrinsic disorder on kinetics of sgRNA depletion. The average probability of disordered stretches over the entire protein as predicted by IUPred (76) for the 1,000 genes with most highly depleted sgRNAs at day 7 versus day 15 (two-tailed Wilcoxon test) is shown. (E) Effect of target protein half-life on kinetics of sgRNA depletion. The half-lives of mouse orthologs of the 1,000 most highly depleted genes after day 7 (n ϭ 645) were compared to those after day 15 (n ϭ 724). P value, two-tailed Wilcoxon test. (F) Distribution of log 2 sgRNA frequency changes for day 0 versus day 15 for all previously described nonessential sgRNAs (22) (23) (24) compared to nontargeting sgRNAs in this study. An sgRNA targeting an essential gene in this study (RUVBL1) is shown for reference. Single-tailed P values for each sgRNA were calculated as the area under the curve of the control distribution to the left of the sgRNA score divided by the total area under the control curve. log 2 ratio of the sgRNA read frequency at the day 15 versus day zero time points, normalized by the total read count ratio, was used to quantify the relative abundance of each sgRNA (Fig. 1F ). The average log 2 ratio for all ϳ10 sgRNAs that target each gene was used to generate a gene score (22) , which reflected the potential fitness defect for each gene knockout. To account for experimental variation in sgRNA read counts within any given screen, instead of using the log 2 ratio of the sgRNA itself, we used RANKS to estimate a P value based on how each log 2 ratio compared to a selected set of nontargeting or other control sgRNAs. The resulting gene log P value score was then obtained from the average of the log P values for each of the 10 sgRNAs per gene. As applied to our data set, RANKS performed better than other, previously used methods (22, 23, 28) as judged by established correlates (see Fig. S3 and Table S2 in the supplemental material). Subsequent analyses were based on the RANKS statistical scores for each gene, exon, or hypothetical gene represented in the EKO library.
Genome-scale correlates of sgRNA depletion. The results of the NALM-6 screen revealed that fitness scores correlated well with features known to be associated with essential genes. We examined correlates with mutation rate as estimated by protein sequence conservation across 46 vertebrate species (29) , node degree in proteinprotein interaction (PPI) networks (30) , mRNA expression level in NALM-6 cells, essentiality detected by the gene trap method (24) , essentiality detected by a whole-genome CRISPR/Cas9 screen in the near-haploid KBM7 cell line (22) , and DNA accessibility as assessed by DNase I hypersensitivity peak density in naive B cells ( Fig. 2A ; see Fig. S4 in the supplemental material). For every feature, we observed a highly significant difference between the top-ranked 2,000 genes in our screen (1 to 2000) and the next 2,000 ranked genes (2001 to 4000), with P values of Ͻ0.05 (Wilcoxon test), such that each feature correlated strongly with gene essentiality. The strong agreement between depletion scores from an independent genome-wide CRISPR screen and our ranked gene list over the entire distribution confirmed the reproducibility of the CRISPR/Cas9 method.
For each feature, we also compared the union of the fourth and fifth bins (6001 to 10000) to the union of the last two bins (16001 to 19034). This comparison revealed that mutation rate and gene trap score differences flattened out after the first 2,000 to 4,000 genes (P values of Ͼ0.05 by the two-tailed Wilcoxon test), whereas the other features still correlated with gene rank in the latter bins to various degrees (PPI degree, P ϭ 0.00335; mRNA expression, P ϭ 0.0072; KBM7 score, P ϭ 3.94e-266; DNase I hypersensitivity, P ϭ 1.27eϪ46). The tight concordance between the NALM-6 and KBM7 scores over all bins was expected given that the same sgRNAs were used to target all RefSeq genes included in both libraries. The strong correlation between rank score in the NALM-6 screen and DNA accessibility suggested a potential nonspecific effect of sgRNA-directed DSB formation. The two additional significant correlations may be explained by the facts that mRNA expression level also correlated with DNA accessibility (Spearman's rank correlation coefficient ϭ 0.34; P Ͻ 2.2eϪ16) and that protein interaction degree in turn correlated with gene expression (Pearson correlation coefficient ϭ 0.22; P Ͻ 2.2eϪ16). These cross-correlations are likely explained by unrepaired Cas9-mediated cleavage events in a fraction of cells leading to a DNA damage-dependent growth arrest and depletion from the pool independent of indel formation. Highly accessible DNA is more likely to be cleaved by Cas9 (31) , and sgRNAs with multiple potential cleavage sites in amplified regions cause a greater fitness defect (22, 32, 33) , although the latter trend has not been observed in other screens (34) . To test this idea on a genome-wide scale we compared the predicted number of sgRNA matches in the genome to the level of depletion in the pool and indeed found a strong overall correlation ( Fig. 2B ). For this same reason, nontargeting control sgRNAs in the EKO library were actually enriched compared to the rest of the targeting sgRNAs in the pool ( Fig. 1F ) and therefore were not an ideal control distribution. For subsequent analysis, we instead redefined the control set for RANKS as the 213,886 sgRNAs that targeted genes never reported as essential in any published screen, and we also RefSeq genes were ranked in bins of 2,000 genes from most to least depleted sgRNAs. The mutation rate was the fraction of aligned residues that differed from the human sequence across 45 vertebrate species in a 46-way Multi-Z whole-genome alignment. Protein interaction was the number of partners reported in the BioGRID database (3.4.133 release). mRNA expression was the log 2 RNA-seq reads per million in the NALM-6 cell line. The HAP1 gene trap score was the ratio of sense to antisense intronic insertions (24) . The KBM7 CRISPR score was the average log 2 read frequency change (22) . DNase I hypersensitivity was the number of read peaks per kbp in naive B cells from ENCODE. (B) Correlation of gene depletion with potential sgRNA target sites. The log 2 read frequency fold change for day 0 to day 15 was binned by number of perfect matches or single-base mismatches (within the first 12 bases of the sgRNA) to the human genome. removed all sgRNAs with more than two potential off-target cleavage sites and applied a fixed correction factor to sgRNAs with one or two potential off-target sites (see Fig.  S5 and text in the supplemental material). This adjustment of the control sgRNA set allowed significance values to be reliably established but left the relative gene rank order virtually unchanged (r 2 ϭ 0.978).
A bimodal distribution of gene essentiality across cell lines. The EKO library screen identified a total of 2,280 fitness genes in NALM-6 cells below a false-discovery rate (FDR) of 0.05, which we generically termed essential genes (see Table S3 in the supplemental material). Of these essential genes, 269 were specific to the NALM-6 screen: 225 corresponded to well-validated RefSeq genes, including 19 RefSeq genes not assessed previously, and 44 hypothetical genes annotated only in AceView or GenCode. The set of essential RefSeq genes in NALM-6 cells overlapped strongly with three sets of essential genes previously identified using different libraries, cell lines, and methods ( Fig. 3A ) (22) (23) (24) . For purposes of direct comparison between studies, we examined a set of 16, 996 RefSeq genes shared between the EKO library and two published sgRNA libraries (22, 23) . We identified 486 genes that were uniformly essential across our NALM-6 screen and 9 previous screens in different cell lines (22, 23) , referred to here as universal essential (UE) genes ( Fig. 3B and Table S3 ). This UE gene set was smaller than sets of previously reported common essential genes in previous screens (22) (23) (24) but was similarly enriched for processes required for cell proliferation and survival, including transcription, translation, energy metabolism, DNA replication, and cell division ( Fig. 3C) .
To investigate the nature of essential genes as a function of cell type, we plotted the number of shared essential genes across the 10 different cell lines. For clarity, we use the terms contextually essential (CE) to refer to genes essential in more than one cell line but fewer than in all cell lines and lone essential (LE) to designate any gene that is uniquely essential in a single line. As opposed to a simple monotonic decay in shared essential genes as a function of cell line number, we observed a bimodal distribution whereby the number of shared essential genes rapidly declined as the number of cell lines increased but then plateaued, with a slight peak at the maximum number of lines ( Fig. 3D ). To assess the potential effect of score threshold on the bimodal distribution, we examined the relative distribution of scores for essential versus nonessential genes as a function of cell line number (see Fig. S6A in the supplemental material). This analysis revealed that CE genes, especially those essential across many lines, often scored only slightly below the FDR threshold in other lines, consistent with genuine fitness defects that failed to reach significance in particular screens. However, it was also clear that many CE genes had no apparent fitness defect in particular cell lines, suggesting that bimodality was not merely driven by random effects in borderlineessential genes (Fig. S6A) . Indeed, we observed that bimodality was preserved over a wide range of essentiality thresholds (Fig. S6B ). Variable essentiality across cell types may also reflect the expression of partially redundant paralogs (22) . Consistently, genes with one or more close paralogs (Ͼ30% protein sequence identity) tended to have significantly lower essentiality scores in NALM-6 cells (P ϭ 3.6eϪ121 by the Wilcoxon test) and to be essential in fewer lines overall (P ϭ 1.5eϪ121 by the Wilcoxon test) ( Fig.  S6C ), but again this effect accounted for only a small fraction of the observed CE genes.
We assessed three different models that might help explain the observed bimodality of gene essentiality across cell lines. A random model represented the situation in which each gene was equally likely to be essential in any given cell line. A binary model corresponded to the scenario in which each gene was partitioned as either essential in all cell lines or not essential in any cell line, with an arbitrary constant for experimental noise. A continuous model represented the case in which each gene was assigned a specific probability of being essential in any given cell line ( Fig. S6D and text in the supplemental material). The continuous model provided the best fit to the observed distribution, as it was the only model that accounted for the prevalence of essential Overlap between genes defined as essential in this study and three other studies (22) (23) (24) . The indicated overlap is between all essential genes identified in each study, i.e., an amalgam across all cell lines, in order to assess interlibrary reproducibility. (B) Clustergram of essential genes (Continued on next page) genes in the medial fraction of cell lines (Fig. 3D ). This result suggested that gene essentiality is far from an all-or-none effect across different human cell types.
Features of universal essential genes. Model organism studies have shown that essential protein-coding genes are required for evolutionarily conserved processes in cell metabolism, macromolecular biosynthesis, proliferation, and survival. Consistently, and as reported previously (23, 24) , we observed that the more cell lines in which a gene was essential, the higher the probability that this gene possessed a budding yeast ortholog and that the ortholog was also essential in yeast ( Fig. 3E) (1, 35) . We also examined the converse question of why almost half of the essential genes in yeast were not universally essential in human cell lines. Out of 444 essential yeast genes with a human ortholog tested in all 10 cell lines, 387 orthologs were essential in at least one cell line, with a tendency to be essential in multiple cell lines. For the remaining 57 yeast genes that appeared to be nonessential in humans, 40 of these had gene ontology (GO) terms linked to more specialized features of yeast biology. We also observed that as the number of cell lines in which a gene was essential increased, depletion of its sgRNAs from the library pool was greater ( Fig. 3F) , such that UE genes were associated with significantly greater fitness defects. Consistent with the enrichment for crucial cellular functions, the set of GO terms associated with essential genes became progressively more restricted as essentiality spread over more cell lines (see Fig. S7 in the supplemental material).
Proteins encoded by essential genes tend to cluster together within interaction networks in yeast (36) , a feature also shown recently for human cells (22, 24) . Using human protein interaction data from the BioGRID database (30), we observed that UE proteins tended to interact with each other more often than with random proteins (P Ͻ 0.05 by Fisher's exact test) and associated preferentially within maximally connected subnetworks, referred to as cliques (for clique n ϭ 3, P Ͻ 0.05 by Fisher's exact test) ( Fig.  3G ). These results suggested that clusters of UE genes carry out a limited set of indispensable cellular functions.
Essentiality in human protein complexes. Essential genes tended to encode subunits of protein complexes, as shown previously (22) (23) (24) , with an overall distribution similar to that of yeast essential genes (see Fig. S8A and B and Table S4 in the supplemental material). We assessed the propensity of CE genes to interact with each other and found that CE gene pairs essential in the same cell line were far more likely to encode subunits of the same protein complex than gene pairs that were essential in different cell lines (Fig. 4A ). This result suggested that like UE genes, CE genes tended to encode essential modules in the proteome.
We predicted that shared essential genes should strongly cluster cell lines by cell type identity, but we found that a number of cell lines did not segregate with similar lineages (Fig. S8C ). However, when cell lines were clustered by shared essential complexes, defined as complexes with at least one essential subunit, the hematopoietic cell lines NALM-6, KBM7, Raji, and Jiyoye and the colon cell lines DLD1 and HCT116 were all precisely grouped together ( Fig. 4B and S8C and D) . The functions carried out by essential complexes thus correlate with cell type identity more closely than the complete spectrum of essential genes.
At the level of individual complexes, a small number were comprised entirely of subunits essential in one or more cell lines, such as for the highly conserved SRB-and MED-containing cofactor complex (SMCC), exosome, the Rad51 homologous recombination repair complex, and the DNA replicative helicase (MCM) complex ( Fig. 4C ). However, the vast majority of complexes contained a mixture of essential and nones- sential (NE) subunits ( Fig. 4D ; Table S4 ). In order to assess whether the variation in essentiality between subunits of the same complex reflected the evolutionary history of the complex, we examined protein sequence conservation across 46 vertebrate species and found that subunits essential in more cell lines tended to be more conserved and expressed in more tissues than other subunits of the same complex ( Fig. 4E and F) . To test the notion that essentiality may reflect centrality in protein complex structure, we estimated the physical proximity of subunits for known complex structures in the Protein Data Bank (PDB) with at least four mapped subunits (37) . Protein subunits that were essential in a greater number of cell lines tended to form more direct contacts with other subunits (Fig. 4G) . As an example, the conserved KEOPS complex, that mediates an essential tRNA modification reaction (38) , contained a core catalytic subunit (OSGEP, also called Kae1) that was essential in all lines, a tightly linked core subunit (TP53RK) essential in nine lines, and three auxiliary subunits essential in four (LAGE3), one (C14ORF142), and zero (TPRKB) lines (Fig. 4H) . The core OSGEP-TP53RK subcomplex is flanked by the other subunits such that essentiality parallels structural centrality. The evolutionary plasticity of subunit essentiality is illustrated by the observations that OSGEP/Kae1 alone is sufficient for function in the mitochondrion, that three KEOPS subunits are essential in bacteria, and that all five KEOPS subunits are essential in yeast (38) . Many genes that are essential across multiple cell lines remain functionally uncharacterized for protein interactions. We used proximity-dependent biotin identification (BioID) and mass spectrometry to assess the protein interactions of two CE genes, UBALD1 (essential in NALM-6 and 2 other cell lines) and C19orf53 (essential in NALM-6 and 4 other cell lines). Duplicate BioID experiments with UBALD1 and C19orf53 as the bait proteins captured 49 and 183 statistically significant interactions, respectively ( Fig.  S2B ; see Table S7 in the supplemental material). UBALD1, also known as FAM100A, contains a UBA-like domain and appears to be nonspecifically localized in the cell. The only reported interactions for UBALD1 are with the mitochondrial malonyl coenzyme A (malonyl-CoA) decarboxylase MLYCD, the 60S ribosomal subunit RPL9, and the RNA polymerase II (pol II) mediator subunit MED8, all identified in a pooled yeast two-hybrid screen (39) . Of the 49 UBALD1 interactions we detected, 19 were previously annotated proteins implicated in stress response. C19orf53, also known as LYDG10 or HSPC023, is localized to the nucleus and interacts with the nucleoporin Nup133, the nuclear protein HNRNPU, the homeobox transcription factor POU5F1, and the mitochondrial ribosome component MRPL34 according to high-throughput studies curated in the BioGRID database (30) . We found that C19orf53 interaction partners were enriched in NALM-6 essential genes (P ϭ 4.5eϪ27 by Fisher's exact test) and in genes involved in rRNA biogenesis (P ϭ 3.0eϪ40 by Fisher's exact test, FDR corrected). These results indirectly validate the essentiality of C19orf53 by interaction context and implicate this uncharacterized protein in the essential process of ribosomal biogenesis.
NALM-6-specific essential genes. Of all the genes tested in common between our study and nine previous CRISPR/Cas9 screens (22, 23) , 218 were uniquely essential to the NALM-6 screen. To ascertain that these LE genes were not merely due to screen noise, we generated single sgRNA-directed knockout cell populations for 4 different RefSeq genes that were uniquely essential to NALM-6 cells: the translation initiation factor gene EIF2AK1, the Fanconi anemia pathway gene FANCG, the mitotic spindle checkpoint gene MAD1L1, and the uncharacterized open reading frame (ORF) Variation in the Human Cell-Essential Proteome Molecular and Cellular Biology KIAA0141 (also called DELE). Each gene was targeted with two different sgRNAs in independent experiments, and cell proliferation effects were determined after 6 days of outgrowth on selective medium compared to those for two different control nontargeting sgRNAs. These experiments validated the essentiality of EIF2AK1, FANCG, MAD1L1, and KIAA0141 in the NALM-6 cell line (Fig. S2C) . The NALM-6 LE genes had more protein interaction partners than NE genes ( Fig. 5A  and B ) and exhibited higher expression levels in NALM-6 cells ( Fig. 5A and C) , two defining features of essential genes identified in other cell lines and model organisms (22) (23) (24) . However, LE proteins unique to NALM-6 cells were not as highly clustered in the protein interaction network as UE proteins (see Fig. S9A and B in the supplemental material) and had no more tendency to interact with UE proteins than NE proteins ( Fig.  S9C and D) . Across all cell lines, while UE and CE proteins showed a strong propensity to interact, LE proteins were no more likely to interact with the UE core than NE proteins (Fig. 5D ). These results suggested that LE proteins carry out a diversity of functions not strongly connected to the UE core, potentially as a consequence of synthetic lethal interactions with cell line-specific mutations.
The NALM-6 line bears an A146T mutation in NRAS (40), analogous to mutations that activate KRAS in some leukemias (41) . As NALM-6 cells required the NRAS gene for optimal growth (Table S2 ), other NALM-6 specific essentials may be required to buffer the effects of oncogenic NRAS signaling. For example, two of the 11 components of cytochrome c oxidase (mitochondrial complex IV), COX6A1 and COX8A, were essential for survival exclusively in NALM-6 cells, as were two cytochrome c oxidase assembly factors, COA6 and COX16 (Table S3 ). Cytochrome c oxidase is known to be activated by oncogenic RAS and is required for survival of other cancer cell lines that bear an activated RAS allele (42) .
In addition to NALM-6, the Raji and Jiyoye cell lines, screened previously (22) , are each derived from the B-cell lineage. Surprisingly, of the 351 genes uniquely essential to one or more of these B-cell lines (Table S2) , only four genes were essential to all three lines: EBF1, CYB561A3, PAX5, and MANF. Two of these genes, PAX5 and EBF1 are key transcription factors that specify the B-cell lineage (43) and were identified previously as essential genes shared between the Raji and Jiyoye cell lines (22) . MANF encodes mesencephalic astrocyte-derived neurotrophic factor and is expressed at high levels in secretory tissues such as the pancreas and B cells. MANF helps cells cope with high levels of protein folding stress in the endoplasmic reticulum (44) and also activates innate immune cells to facilitate tissue regeneration (45) . CYB561A3 encodes a poorly characterized ascorbate-dependent cytochrome b 561 family member implicated in transmembrane electron transfer and iron homeostasis (46) , but its role in B-cell proliferation or survival is not characterized.
We also examined all of the genes that were essential only in B-cell lines and found that these tended to be more highly expressed in NALM-6 cells than genes essential in an equivalent number of other cell lines (Fig. 5E) , consistent with the higher expression of genes involved in B-cell proliferation in NALM-6 cells. These essential genes were significantly more likely to participate in the B-cell receptor (BCR) signaling pathway ( Fig. 5F) , which is often hyperactivated in chronic lymphocytic leukemia (47, 48) . Concordantly, disruption of this pathway reveals vulnerabilities specific to the B-cell lineage. For example, the BCR pathway components TSC2, PI3KCD, CD79B, and CD19 were essential in two of the three B-cell lines tested to date (Table S3 ).
Residue-level features predict phenotypic effects of sgRNA-directed in-frame mutations. A fraction of indels introduced into genomic DNA following error-prone repair of a Cas9-mediated DSB will span a multiple of 3 bp such that the phenotypic effect will depend on the precise function of the mutated residue. For each sgRNA in the EKO library that targeted the 2,236 essential genes in NALM-6 cells, we identified the codon that would be subjected to Cas9 cleavage and hence the residue most likely to be affected by in-frame indels. We found that sgRNAs targeting predicted domaincoding regions were significantly more depleted from the pool than other sgRNAs targeting the same gene (P ϭ 1.8eϪ45) (Fig. 6A) . This result confirms a previous focused study on high-density sgRNA-mediated targeting of ϳ200 genes (49) and generalizes the effect to the diverse classes of domains encoded by the entire genome. Based on the high degree of significance of this result, we asked whether other protein-level features would also correlate with sgRNA targeting sites. We found that sgRNAs targeting disordered protein regions were significantly less depleted than other sgRNAs targeting the same gene (Fig. 6B) . The significance of this trend also held when the analysis was restricted to regions outside Pfam domains (P ϭ 8.98eϪ6) (data not shown). Disruption of more conserved regions caused significantly more depletion than for less conserved regions of the same gene (Fig. 6C ). Targeted regions that encoded ␣-helices or ␤-sheets were also significantly more depleted than other regions (Fig. 6D ). sgRNAs targeting buried residues within a protein structure were more depleted than sgRNAs targeting accessible residues (Fig. 6E ). Finally, sgRNAs targeting interfacial regions between two protein subunits were more depleted than noninterfacial regions of the same protein (Fig. 6F ). Integration of each variable into a single linear multivariate model, together with the number of potential off-target cleavage sites and predicted sgRNA efficiencies, revealed that every variable was significantly and independently correlated with relative sgRNA depletion (Table 1 ). This result indicated that each residue-level feature contributed to the phenotypic effects of in-frame mutations (Fig. 6G) . Essentiality of alternatively spliced exons. The EKO library was designed in part to target specific alternatively spliced exons, many of which are found in essential gene loci. From the depletion of sgRNAs targeting these exons, we were able to classify individual exons within essential genes as either essential or nonessential (see Table  S5 in the supplemental material). We examined the effect of single sgRNA-directed knockouts of three different alternatively spliced exons that our screen identified as nonessential in otherwise essential genes: exon 5 of CSNK1A1, which encodes casein kinase 1␣; exon 4 of MRPL43, which encodes a component of the large subunit of the mitochondrial ribosome; and exon 10 of ANAPC5, which encodes a subunit of the anaphase-promoting complex/cyclosome (APC/C). For each gene, two sgRNAs for the alternatively spliced exon and two sgRNAs for a constitutive exon were compared for effects on cell proliferation. We found that all sgRNAs that targeted the alternative exons affected proliferation considerably less than sgRNAs that targeted a constitutive exon from the same gene (Fig. S2D) . The results confirmed that the EKO library was able to detect differential fitness effects for alternatively spliced exons.
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We analyzed the 2,143 alternative exons within RefSeq-defined coding regions of essential genes in the NALM-6 screen, each of which was covered by at least 3 sgRNAs with Ն20 reads, to identify 462 exons with sgRNAs that were significantly depleted (FDR Ͻ 0.05). When we compared these essential alternative exons to nonessential exons (n ϭ 592; FDR Ͼ 0.3) in essential genes, we found that the essential exons were more likely to overlap protein domains (Fig. 7A) , less likely to contain long disordered regions (Fig. 7B ), more conserved across 46 vertebrate species (Fig. 7C) , and more highly expressed at both the protein (Fig. 7D ) and mRNA (Fig. 7E ) levels. Importantly, mRNA expression analysis showed that all 462 essential exons were expressed in NALM-6 cells. We also mapped the exons to full-length isoforms in the IsoFunct database, which assigns gene ontology functions to individual protein isoforms (50) . Isoforms that contained essential exons were more likely to be functional (i.e., with higher IsoFunct scores) than isoforms with nonessential exons (Fig. 7F) . The nonessential nature of particular exons may reflect structural features or protein interactions associated with the exon encoded region. For example, the anaphase-promoting complex/cyclosome (APC/C), contains a nonessential exon in the essential gene ANAPC5, which interacts with ANAPC15, itself a nonessential component of the complex (Fig. 7G) (51) . These results suggested that the EKO library can effectively distinguish essential from nonessential alternatively spliced exons within essential gene loci and that many alternatively spliced exons of essential genes are nonessential. Genetic analysis of hypothetical genes. The EKO library was also designed to target unvalidated hypothetical genes that are currently absent from the RefSeq database (35) . We identified these hypothetical genes from the AceView and GenCode databases, which annotate loci on the basis of expressed sequence tag (EST) and/or RNA-seq evidence. Because many hypothetical genes may be expressed pseudogenes present in more than one copy in the genome, we excluded all sgRNAs with close mismatches to the genome in order to avoid depletion effects due to multiple cleavage events. When we considered only sgRNAs with a single potential cleavage site, we identified 44 essential genes (FDR Ͻ 0.05) that were absent from RefSeq (Table S3 ). To ascertain that hypothetical gene essentiality was not a consequence of screen noise, we generated single sgRNA-directed knockout cell populations for three different hypothetical genes that scored as essential in the NALM-6 screen: IGHV1-69, CROCCP2, and LOC100288778. We note that IGHV1-69 is expressed in chronic lymphocytic cell lines and encodes a predicted immunoglobulin heavy-chain variable region that appears to bind oxidation-specific epitopes (52) . Each hypothetical gene was targeted with two different sgRNAs, and the effects on proliferation compared to those of two nontargeting control sgRNAs. These experiments validated the essentiality of IGHV1-69, CROCCP2, and LOC100288778 in NALM-6 cells (Fig. S2E) .
Similar to the case for most poorly annotated hypothetical genes, the essential hypothetical genes tended to encode short polypeptides, with a median length of 153 residues and a maximum length of 581 residues (Fig. 8A ). We found that these essential hypothetical genes were more highly expressed across a range of tissues than the 2,000 hypothetical genes with the least depleted sgRNAs (Fig. 8B ). We analyzed a comprehensive mass spectrometry-based proteomics data set that covers 73 tissues and body fluids (53) and found that the 500 hypothetical genes with the highest sgRNA depletion scores were more likely to have evidence of protein expression than the 2,000 genes with the lowest sgRNA depletion scores (Fig. 8C ). We also note that of 37 small ORFs identified by peptide evidence in a recent mass spectrometry study, 20 corresponded to hypothetical genes in the EKO library, including all five small ORFs detected by two or more peptides (54) . Of these 20 genes, two appeared to be essential in our screen (CROCCP2 and PPP1R35). Alignments across 46 vertebrate genomes revealed that the essential hypothetical genes were not more conserved than their nonessential counterparts ( Fig. 8D ), suggesting that the essential functions were acquired through recent evolution. These results suggest that at least a fraction of newly evolved uncharacterized hypothetical genes are likely to be expressed and perform important functions in human cells.
DISCUSSION
Genome-wide collections of genetic reagents have allowed the identification of essential genes and insights into the functional architecture of model organisms. The first genome-wide CRISPR/Cas9 and gene trap screens have defined a draft map of essential genes across a variety of human cell types (19) (20) (21) (22) (23) (24) . Here, we have applied the high-complexity EKO library to define new essential features at the levels of protein residues, alternatively spliced exons, previously uncharacterized hypothetical coding regions, and protein complexes.
A continuum of gene essentiality. We combined our screen data with two previously published CRISPR/Cas9 screen data sets to define a minimal set of 486 UE genes across 10 different cell lines of diverse origins. As opposed to a simple monotonic convergence on a core set of essential genes, we observed an unexpected bimodal distribution of essential genes as a function of the number of lines screened. This distribution was best explained by a continuous variation in the probability of gene essentiality as opposed to a simple all-or-none binary model. This continuous-probability model likely reflects genetic and/or epigenetic background effects, wherein different cell line contexts provide different levels of buffering against the loss of potentially essential genes. In this sense, the number of cell line backgrounds in which a gene is essential can be thought of as a form of genetic interaction degree, whereby the interaction occurs between any gene and a complex genetic background, as opposed to between two genes. In yeast, the strain background markedly affects gene essentiality due to high-order genetic interactions (55) , such that the essentialome of a particular cell must be defined in the context of a precise set of genetic and/or epigenetic parameters.
The essentialome may be thought of as an onion with multiple layers that become progressively more context specific. As we show here, UE genes at the center of the onion make quantitatively greater fitness contributions than progressively more cell line-specific essential genes. The middle layers of the onion correspond to the trough in the bimodal distribution in which genes are essential in specific cell lines. The definition of essentiality is obviously influenced by the definition of experimental thresholds, but the continuum of essentiality is nevertheless apparent regardless of the specific threshold. Based on the current but limited analysis, we estimate that a consensus essentialome for any given 8 to 10 cell lines will encompass approximately 1,000 genes. This number, intriguingly, is close to the number of 1,114 essential genes required for yeast growth under optimal growth conditions (1). It is important to note that this quantitative model of essentiality does not rule out the existence of a set of true UE genes. In fact, the continuum model predicts a smooth decline out to the maximal number of lines, in contrast to the sharp step increase observed experimentally at the maximum. This observation suggests the existence of a small set of UE genes that may be qualitatively distinct from the continuum of essentiality captured by the model. This set of essential functions likely corresponds to the structural and enzymatic core of the proteome, to which other essential functions have been added and subtracted through the course of evolution.
A continuum of essential subunits in protein complexes. As in model organisms and as suggested by previous studies, the proteins encoded by UE genes tend to cluster together into modules in the protein-protein interaction network. This correlation between centrality and lethality is a robust feature of biological networks. Although originally posited to reflect the central location of essential proteins in network graphs (56) , this topological argument has been overturned in favor of the idea that essential proteins perform their functions as complexes (14) . This notion has in turn been supported by the claim that protein complexes exhibit a tendency to be composed of mainly essential or mainly nonessential subunits (36, 57) , such that the interactions of essential protein subunits would naturally cluster together. A surprising outcome of our analysis across multiple different human cell lines is the extent to which subunit essentiality for any given complex varies between cell lines. Our analysis of structural data suggests that UE subunits form the functional and structural core of essential protein complexes, to which CE, LE, and NE subunits are appended. This observation probably reflects the facts that protein machines have acquired progressively more subunits through evolution and that more recently evolved subunits tend to lie outside the essential structural core (24, 58) . This variable essentiality of protein subunits is consistent with the lethality-centrality relationship (14, 59) but suggests that network evolution may also help drive the observed correlation (60) .
Cell line-specific essential genes and synthetic lethality. Only 4 essential genes were uniquely shared between the three B-cell-derived Raji, Jiyoye, and NALM-6 lines, and only 35 uniquely essential genes were shared between any two of the three lines. Similarly, a recent study identified only five essential genes shared between five acute myeloid leukemia (AML) cell lines and 66 genes shared between at least three of the five lines (34) . These results suggest that genetic and epigenetic variation between lines may dominate the cell line-specific essentialome. Indeed, the majority of essential genes identified in human genome-wide screens to date are unique to single cell lines. In comparisons of wild-type and laboratory yeast strains, which exhibit sequence variation similar to that between any two human individuals (61), strain-specific essential genes have a complex contextual basis due to multiple undefined genetic modifiers (55) . It seems likely that many cell-type-specific essential genes will reflect synthetic lethal interactions associated with the unique spectrum of cancer-associated mutations in any given cancer cell line. If on average each mutation yields 20 synthetic lethal interactions (5, 24) , only 10 cell line-specific loss-of-function mutations would be needed to account for a specific essentiality profile of 200 LE genes. As an example, several components of cytochrome c oxidase and its assembly factors were specifically essential for survival in NALM-6 cells, potentially as a consequence of oncogenic RAS signaling (42) , which is known to cooperatively trigger senescence in conjunction with mitochondrial defects (62) . From a therapeutic perspective, the variable subunit essentiality of protein complexes suggests that a window of genetic sensitivity may exist for essential functions that are partially compromised in cancer cells (2, 63) .
Evolution of new functions by alternative splicing and de novo gene formation. Recent RNA-seq and proteomics studies have illuminated the magnitude of alternative splicing in mammals and the attendant proteomic and phenotypic diversity generated by this mechanism (64) . Different splice isoforms can have radically different functions, such as, for example, pro-or antiapoptotic splice variants of BCL2 (65). Limited systematic studies on dozens to hundreds of isoforms suggest that the exon composition can often dramatically alter protein interaction profiles (66, 67) . Our genome-wide screen with the EKO library suggests that a large fraction of alternatively spliced exons in essential genes are not required for cell survival. This result suggests that alternative splicing has evolved as a means to diversify protein structure and interactions without compromising essential functions. Our data also show that essential exons in general tend to encode structured protein domains that are more highly conserved and highly expressed, whereas nonessential exons tend to encode intrinsically disordered regions. Nonessential exons likely represent the first step toward the evolution of new functions, some of which may be then destined to become essential.
In contrast to the generation of new genes by duplication (68), the de novo appearance of new protein-coding genes is a poorly understood but nevertheless important evolutionary mechanism. For example, in mammals, 1,828 known genes are unique to the primate lineage and 3,111 to rodents (69) . Protogenes are genetic loci that produce very short proteins unique to each species, and it has been suggested that a large pool of such potential genes exists in yeast (70) . If a protogene assumes a beneficial function, it will be subjected to selective pressure and coevolve across related species, such that even young genes can rapidly acquire essential functions (71) . However, the detection of such protogenes is hampered by the absence of sequence conservation and short length, which often preclude detection by mass spectrometry (72) . As shown here, CRISPR/Cas9-based screens allow the systematic functional analysis of hypothetical human genes. We detected an essential function for 44 hypothetical genes that was consistent with mRNA and protein expression data (53, 54) . These essential hypothetical gene functions were also evident across 36 different EKO library screens under various chemical stress conditions (unpublished data). Although we cannot exclude the possibly that some of these loci are noncoding RNA genes or pseudogenes, it is probable that these short reading frames represent newly evolved human genes. The biochemical interrogation of the corresponding proteins should help identify the functions of these new candidate genes. Although we restricted our analysis to currently annotated hypothetical loci, it will be feasible to systematically query all short open reading frames in the human genome with dedicated sgRNA libraries.
High-resolution genetic analysis of the human genome. Genome-wide CRISPR/ Cas9-based screens have ushered in a new era of systems genetics in human cells (19) . The EKO library demonstrates the capacity of high-resolution CRISPR/Cas9 screens to define gene essentiality across scales in the human proteome. Analogous deepcoverage sgRNA libraries and variant CRISPR/Cas9 strategies also enable the precise mapping of regulatory and noncoding regions in the human genome (73) . Systematic functional analysis of these vast unexplored regions of the genome and proteome will provide insights into biological mechanisms and the evolution of phenotypic complexity in human cells.
MATERIALS AND METHODS
Genome-wide sgRNA library. A set of 181,130 sgRNA sequences that target most RefSeq genes (ϳ10 sgRNAs per gene) was as reported previously (74) . Similar design rules were used to target additional genes from the latest RefSeq, AceView, and GenCode releases (ϳ10 sgRNAs per gene), as well as 20,852 alternatively spliced exons derived from 8,744 genes (ϳ3 sgRNA per exon). A set of 2,043 nontargeting sgRNA sequences with no detectable match to the human genome was randomly generated. The complete set of 278,754 sgRNAs was divided into three sublibrary pools of 92,918 sgRNAs for array-based oligonucleotide synthesis as 60-mers (Custom Array), each containing 3 or 4 sgRNAs per gene, 1 sgRNA per alternative exon, and 681 nontargeting sgRNAs. Each pool was amplified by PCR, cloned by Gibson assembly into the pLX-sgRNA plasmid (74) , expanded in plasmid format, and converted to a lentiviral pool by transfection into 293T cells (see Table S6 and text in the supplemental material).
Screen for essential genes. A doxycycline-inducible Cas9 clonal cell line of NALM-6 was generated by infection with a Cas9-FLAG lentiviral construct and puromycin selection, followed by fluorescenceactivated cell sorting (FACS) and immunoblotting with an anti-FLAG antibody to select a tightly regulated clone. The inducible Cas9 cell line was infected with pooled lentivirus libraries at an MOI of 0.5 and 500 cells per sgRNA. After 6 days of blasticidin selection, 140 million cells were induced with doxycycline for 7 days, followed by periods of outgrowth in the absence of doxycycline. sgRNA sequences were recovered by PCR of genomic DNA, reamplified with Illumina adapters, and sequenced on an Illumina HiSeq 2000 instrument.
Scoring of gene essentiality. A RANKS score was calculated for every gene targeted by Ն4 sgRNAs represented by Ն20 reads in one sample. A single-tailed P value for each sgRNA was obtained by comparing its ratio to that of the control sgRNAs. The RANKS score was determined as the average log e P value of the sgRNAs targeting the gene or exon. Gene/exon P values were generated by comparing the RANKS score to that of a control distribution of an equal number of control sgRNAs for 5 million samples with FDR correction (75) . The 2,043 nontargeting sgRNAs were used as controls in calculating the original RANKS score for scoring method comparisons and the binned rank analyses. To control for nonspecific effects of Cas9 cleavage, the entire EKO library was used as a control after removing sgRNAs that targeted previously documented essential genes (22) (23) (24) and sgRNAs with Ն2 predicted off-target cleavage sites. A fixed correction factor was applied to sgRNAs with 1 or 2 predicted off-target cleavage sites. For the identification of essential non-RefSeq genes, only sgRNAs with unique matches to the genome were used to avoid potential confounding cleavage events at paralogous loci.
Further details of the experimental, computational, and statistical methods are provided in the supplemental material. All materials are available upon request, and code for RANKS may be obtained at https://github.com/JCHuntington/RANKS. Accession number(s). Raw mass spectrometry data have been submitted to the MassIVE database under accession number MSV000081460.
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